1 are significantly beneficial to society; however, a substantial number of dogs are released from time consuming and expensive training programs because of unsuitability in behavior. Early prediction of successful service dog placement could save time, resources, and funding. Our research focus is to explore whether aspects of canine temperament can be detected from interactions with sensors, and to develop classifiers that correlate sensor data to predict the success (or failure) of assistance dogs in advanced training. In a 2-year longitudinal study, our team tested a cohort of dogs entering advanced training in the Canine Companions for Independence (CCI) Program with 2 instrumented dog toys: a silicone ball and a silicone tug sensor. We then create a logistic model tree classifier to predict service dog success using only 5 features derived from dog-toy interactions. During randomized 10-fold cross validation where 4 of the 40 dogs were kept in an independent test set for each fold, our classifier predicts the dogs' outcomes with 87.5% average accuracy. We assess the reliability of our model by performing the testing routine 10 times over 1.5 years for a single suitable working dog, which predicts that the dog would pass each time. We calculate the resource benefit of identifying dogs who will fail early in their training, and the value for a cohort of 40 dogs using our toys and our methods for prediction is over $70,000. With CCI's 6 training centers, annual savings could be upwards of $5 million per year.
INTRODUCTION
Working dogs enhance and protect many human lives worldwide. The definition of assistance dogs includes guide dogs for people who are blind, hearing dogs for people who are deaf, and service dogs for people with physical disabilities [23] . Dogs are also trained for a variety of other working roles, such as medical alert, psychiatric service, and PTSD intervention. For example, medical assistance dogs are trained to alert at the onset of seizures, hypoglycemia, and even an autistic episode. As working members of society, dogs have also been shown to improve social integration and self-perception of those with disabilities, while additionally providing social and emotional support for their owners [14, 22] .
There are upwards of 20,000 assistance dogs currently actively working in the U.S. [26] . Depending on the type of assistance dog training required, preparing a dog for the rigor of his or her working role can take up to two years [24] . Considerable resources are invested in assistance dogs-in-training; it can cost up to $50,000 to raise and train a dog, and many of the canine candidates are released before graduation, with estimates of up to a 60% failure rate. Identifying which dogs are likely to succeed and which are likely to fail as early as possible could save millions of dollars in time and resources.
A major source of failure is an unsuitable temperament; a working dog must be reliable, calm, safe, and under control at all times in public. U.S. ADA laws provide public access and protection for assistance dog teams [25] , so it is critical that assistance dogs have an appropriate temperament as well as correct training. If we can assess and quantify salient aspects of a dog's temperament, we may be able to predict success as an assistance dog. Berns et al. [2] have been highly successful in predicting whether a dog in training will graduate by employing fMRI scans of awake dogs. This approach requires training the dogs to lie still in the magnet. To quantify canine interactions and activity, researchers have also investigated wearable sensors for activity monitoring [20] . However, this approach categorizes actions in terms of gross movement, such as "sitting" or "running." While this information is useful, being able to quantify finer levels of activity, such as how hard a dog is biting a toy and the frequency with which they bite when playing with a toy, could provide clues to a dog's temperament. Currently, there are no methods for quantifying those types of interactions. Our goal for this study was to develop sensors, in the form of instrumented (smart) dog toys, to investigate whether we can use natural canine object-play interactions to quantify temperament, and to predict outcomes of puppies in service dog training programs.
We were interested in exploring two main topics: (1) the design of sensor-enabled smart toys; and (2) the development of statistical models employing the smart toy data to predict the suitability of candidate CCI assistance dogs. We investigated two toy designs based on commonly available dog toys, a fetch toy (a ball) and a tug toy, developing and refining a classifier to analyze the sensor data and make predictions.
always feasible for service dog programs. Furthermore, while behavioral tests can be indicative of suitability [6] , the repeatability, reliability, and subjectivity of these studies has always been in question [8, 9, 15, 16] .
Object-Play Behavior and Temperament.
How dogs play reflects general attributes of their temperament and their relationship with their owner [19] . For example, solitary object play, such as when a dog plays with a toy by himself without a human, has been related to predatory behavior [3] . Additionally, studies show that social play involving objects held by a person are more interesting to a dog than the same object held by a mechanical device [18] . This difference is not surprising because play is often used as a reward in training, as play with familiar humans is a powerful reinforcer for dogs [1, 7] .
Observing object-play behaviors can provide insights into a dog's temperament. A dog's response to novel objects, such as a willingness to investigate, vocalization, or avoidance can illustrate the dog's confidence level and how he might react in an emergency. Call response times and the duration of a dog's interest in an object can provide information on a dog's cognitive abilities. Similar to human babies, cognitive capabilities such as understanding object permanence develops in dogs with age [4] .
Previous Work
In the Facilitating Interactions for Dogs with Occupations (FIDO) project, we developed sensors that assistance dogs can activate to communicate with their human partners [11, 12] . For example, a hearing service dog can activate a sensor on his service dog vest to tell his handler that the sound he just heard was a tornado siren, rather than the doorbell, allowing his human partner to make better choices about how to respond.
In the FIDO study, we created nine different sensor designs based on the natural abilities of dogs: biting, holding, tugging, and nose touching. One of the most interesting results of the FIDO project was our observation that the data from dog-activated sensors showed patterns that informally correlated with the known temperament of the test subject dogs. The graphs below show activation data for an on-body FIDO bite sensor from three different dogs. All three dogs were trained as service dogs, and one is currently an active service dog. The bite activations, cued by a verbal command from the handler, appear as spikes on the graph, and activations that cross the red threshold line activated the sensor (causing a feedback tone to the dog).
In the first graph ( Fig. 1) , the bites are very regular and consistent. This dog has an excellent temperament for service dog work. He is easily trained and has a very good work ethic; he always performs what is asked of him to the best of his ability, with minimal reward. His bites are consistent across the entire 140 second (s) timeframe. In the second graph (Fig. 2) , we see that the bites are very timid and sporadic across a 300 second period. Although this dog was also trained for service dog work for over two years, his temperament was too "soft," and he was eventually released from the service dog program (after considerable investment in his training). In the third graph (Fig. 3) , we see a multitude of bites within 100 seconds, with some extra (spontaneously offered) activations. This dog is an active medical alert service dog, but is very high-drive and is placed with an able-bodied person who is a professional dog trainer. He is a very successful service dog because of his drive and trainability, but he needs firm direction to stay on track. The observation that sensor interaction data may correlate with a dog's temperament was the inspiration for our main research question: to what extent can interaction with instrumented objects, such as our Smart Toys, predict aspects of temperament, and ultimately the success, of an assistance dog in training? In evolving our FIDO sensors for interaction, the ones that involved biting and tugging showed patterns that seemed to more clearly reflect the dogs' temperaments than the ones that involved proximity and touch. In addition, the retriever in our sensor study interacted correctly more often with the bite and tug sensors than with other sensors, seeming to better understand what to do with the ball-and tube-shaped devices, which makes intuitive sense given the breed. Thus, given our service dog population for this study would involve retrievers, we decided to focus on instrumenting bite and tug toys.
INSTRUMENTED TOY DESIGN
Our goal was to create devices that do not require training. Fetch and tug toys are two of the most common objects used in play between humans and dogs [19] . Consequently, we designed new sensors in the form of common toys with which many dogs naturally engage. We built a self-contained, ball-shaped sensor approximately the size of a tennis ball consisting of food-safe silicone. We also created a tug sensor, which is a bungee, rope-like design with a silicone rubber grip for the dog to bite down and tug. We designed both sensors so that they could be used with or without a human so we could test for changes in interaction with the instrumented toys when humans were not directly involved in the play. Prior research indicates that companion dogs prefer play activities and interactions that involve humans over asocial interactions [17] . Therefore, we wanted to be able to test between whether the toys with human interaction versus the toys alone could tell us anything about a dog's eventual success.
Sensing Considerations
The first part of designing and testing our instrumented sensors was to consider what sort of interactions and activities we wanted to measure. We considered a variety of choices, but we chose fetch interactions and tugstyle interactions, both of which are behaviors seen in dogs from when they are small puppies through adulthood. We believed that because these are such ubiquitous and natural dog behaviors, these sensors could be used across age groups, though the interactions for disparate ages might be different. Additionally, before conducting the full study at CCI's training center, we conducted an initial test to ensure that our sensors 1) collected the data we wanted, 2) were durable enough to last through the experiments, and 3) allowed us to accurately measure the interactions.
After testing our sensors extensively in our own lab, we conducted several test sessions through three informal "beta test" studies at Comprehensive Pet Therapy, a local pet training facility. Beta testing allowed us to ruggedize the sensors and fully vet our experimental protocol to prepare for our first round of testing at CCI. Because none of the dogs in this cohort were assistance dogs in training (although there were several released CCI dogs), building a predictive classifier would not be meaningful, so we did not perform the full data analysis with this initial cohort. However, this initial experimentation allowed us to better understand how dogs would interact with our sensors, ensure we could collect the data we needed for a full study, and find and mitigate flaws in our initial sensor designs. We were also able to experiment with our protocol to ensure that our method was sound and repeatable and to ensure that we did not experience data or video loss.
Design Tradeoffs.
Designing the sensors involved balancing several considerations: the data we needed to collect, the size of the dogs we were testing, and the cost and technology involved. Based on our earlier research, we knew both force-sensitive resistors or pneumatic sensors could work well for measuring force [11, 12] . We investigated methods of measuring bite force on both sensors, considering different methods of measuring the force applied to an object. We also wanted our sensors to be invariant to the direction of force applied, which meant that we would need several force sensitive resistors to measure bite depressions in several axes. The pneumatic bite sensor, relying on the air pressure within the sensor, could measure pressure along any bite axis or orientation as long as the sensor had a relatively soft shell. The shell design needed to be conducive to consistent replication for reliable data collection. We considered different methods of hollowing out tennis balls, or using bicycle tire tubing to make air-tight flexible sensors; however, the consistency was a challenge. Additionally, we wanted to ensure that the toys were safe for the dogs to bite and chew on, so we had to avoid anything that could potentially have toxic chemicals in it. We eventually settled on a food grade two-part silicone rubber (SHORE A37 hardness) that we could cast using 3D printed molds of the shapes we wanted. The pneumatic bite sensor, relying on the air pressure within the sensor, could measure pressure along any bite axis or orientation if the sensor had a relatively soft shell.
The next challenge was to embed the sensors into the toys. For the tug sensor, this task was not difficult because we could run a tube out of the bite sensor to a separate board. For the fetch sensor, we needed a toy that could be reliably and repeatedly "launched" for the dog to fetch. We settled on a ball sensor that could be rolled or tossed, allowing for flexibility in its use. However, for the ball sensor, the electronic components needed to be fully contained and very small so they would fit inside the ball. We considered a variety of approaches, investigating options for different forms of wireless charging, Bluetooth radios, and other techniques. Largely due to size constraints, we ultimately designed the ball sensor without any telemetry and instead recorded all the data to an SD card. The ball uses an IMU with a gyroscope, accelerometer, and magnetometer, as well as a separate barometer, to measure both pressure and movement changes of the ball. During beta testing, we found that during use the SD card could be unintentionally ejected causing a loss of data during a trial. We changed the placement of the SD card slot on the board so that when a SD card was plugged in, it did not overhang the outer edges of the board, which fixed the issue.
Goals for the Toys.
The toys needed to be durable to last through many uses by at least several dogs without degradation. We also needed to be able to wash the toy between uses, cleaning any saliva or dirt that got on the toy during testing. The outer shell of the ball needed to protect the relatively simple electronics, which impacted how thick we had to make the exterior silicone walls of the sensor toy. Lastly, we needed to make sure we could get to the sensor to retrieve the data collected using the ball. Because we opted not to include wireless telemetry for size reasons, we designed the ball itself to be opened so we could access the internal SD card which recorded the data.
We designed the ball with a minimum set of specific behaviors we wanted to be able to measure, which impacted how we designed the electronics. First, we wanted to be able to measure the frequency and intensity of biting and chewing on the ball. Additionally, we wanted to measure other behaviors such as shakes and the duration of time the dog interacted with the fetch toy. Our main focus for the tug toy was to be able to measure tug force in addition to the features we were detecting for the ball. During testing, we adjusted the length of the tug toy to allow a wider bite area so that the dogs could get a more solid bite which seemed to impact whether the dogs would try to tug on the toy as well.
Final Instrumented Toy Design
Moving forward from our beta tests, we finalized a self-contained silicone ball, and a tug sensor, which is a silicone tube that can be tethered to an object in the environment or to a human.
Silicone Ball Sensor.
The ball sensor is composed of an inner ball and an outer ball, both molded from silicone. As shown in Fig. 4 , the inner ball (bottom) has an opening to accommodate inserting the electronics and has a locking mechanism to prevent the outer ball from rotating on the inner ball. The outer ball (top) has an opening to allow inserting the inner ball. The outer ball protects the electronics and provides an air space for the barometric pressure sensor to operate. When a dog bites the sensor, the air pressure inside the ball increases, and the electronics record the pressure on an SD card. The electronics consist of a custom board that we designed, which includes a barometer that can measure pressures ranging from 7.25 PSI -16.68 PSI. From what we learned from testing with our local cohort of dogs, we revised and re-built the design for the ball sensor to be more robust and to better protect the electronics. We augmented the board to incorporate an accelerometer, gyro, and magnetometer in addition to the pneumatic sensor. The accelerometer allows us to capture some "kill behaviors" (shaking toy) as well as characterizing the intensity and duration of the dog's play behaviors. The gyro lets us measure movement "gestures," as well as detecting a rolling ball, and the magnetometer gives us the opportunity to perform a sync trigger with a small magnet useful for synchronizing our data collection with the video recording. Fig. 5 shows the electronics inside the inner ball being inserted into the outer ball, and then the assembled ball. Note that the translucence of the ball allows researchers to observe the green light inside, indicating that the board has power. We built two new boards for the ball sensors and six new silicone balls to prepare for our first test at CCI. 
Silicone Tug
Sensor. The second sensor we created is a tube shape attached at one end to an object in the environment or held by a human. This sensor also includes our custom board with a pneumatic sensor, which contains a barometer that can measure pressures ranging from 7.25 PSI -16.68 PSI, as well as a stretchsensitive resistor, built into the handle, which measures the force of the dog tugging on it. The stretchsensitive resistor measures 1k Ohms-per-linear-inch of material, and the total resistance quadruples when stretched to twice the length. Fig. 6 shows the tug sensor and its handle. We also created simulated fur covers for the tug sensor, to test what materials dogs prefer to interact with. Tube sensor with simulated fur cover.
We created four new tube sensors for our study at CCI, and made fourteen covers for the sensors, in order have a new cover for each dog and remove scent bias, washing the covers between each data collection session.
DATA COLLECTION AND EXPERIMENTAL SETUP

Participants
We collected data from 40 dogs undergoing advanced training at the CCI facilities in Santa Rosa, CA during the same period as Berns et al. [2] (see Table 1 ). All dogs had basic obedience training and socialization. We tested 23 females and 17 male dogs between the ages of 17 and 21 months old. Of the 40 dogs, 1 was a Golden Retriever, 8 were Labradors, and 31 were Labrador-Golden Retriever crosses. These dogs were part of another study [2] , which required the dogs to be trained enter an fMRI and be scanned. Thus, potential selection bias might have occurred due to the dog's ability to withstand loud noises of an fMRI and to be trained for this task. Of the 40 dogs, 10 were released due to behavioral reasons, which varied from excessive barking to fearfulness of riding an elevator. Dogs who successfully finished advanced training were placed in one of five categories. They could be placed as a skilled companion, a service dog, a hearing dog, a post-traumatic stress disorder (PTSD) dog, and a facility dog, each of which has varying levels of service dog skill involved. Table 2 shows the dog outcomes for the study. A skilled companion typically has an even and calm temperament, is in great health, and has basic obedience training. They are placed with individuals who cannot manage a dog by themselves, such as children or non-independent adults with disabilities. A service dog assists with both physical tasks and provides emotional support for independent individuals with a disability. A hearing dog is trained to distinguish between different sounds for the hearing impaired. A PTSD dog is trained to help veterans who suffer from flashbacks or other PTSD-related conditions. A facility dog is trained to work with a professional therapist or teacher to help multiple individuals, such as at a school or therapy facility. 
Silicone Tug
Sensor. Again, the IC barometer collected data in kiloPascals and measured the changes and variations in internal pressure based on the ambient internal air pressure. The stretch sensor detected the changes in resistance, measured in ohms, across a 3 inch stretch sensor.
Experiment Design
We tested 40 dogs on each of the two sensors in a single session for each sensor. Eight of these dogs were selected for other programs (breeding or medical alert) and were removed from our cohort, leaving us with 40 dogs. Some of the dogs were still in advanced training and some were already released (although we were blind to this information initially so as to not bias the experiment).
We tested each dog with 10 trials of each of the four toy conditions in a randomized order, with at least 30 minutes of rest between:
1. Ball sensor, rolled by human (researcher) 2. Ball sensor, rolled down a ramp (machine) 3. Tug sensor, attached to researcher, no cover 4. Tug sensor, attached to researcher, faux fur cover
We performed 10 trials with each set of sensors for each dog, for a total of 40 trials per dog. Each run of 10 trials was video recorded, and after each run, both the device's battery was changed and the data and video were uploaded to determine if any loss occurred. If there was loss, we re-ran the missing trials. Each trial was video-taped from two perspectives. One camera was near the researcher, allowing us to review the trials from the perspective of the researcher, and another camera was focused on the researcher, to capture early interactions.
Silicone Ball Sensor Experiment.
The silicone ball sensor experiment was conducted in a closed room, with the shades drawn, to prevent distraction from trainers and other dogs. Fig. 7 shows the experimental setup for the ball-human condition. Both conditions had a 15'x 4' wide section of the floor covered in 5mm non-slip PVC mats so that, as the dogs ran after the ball, they wouldn't slide and hit the wall. Before and after each dog's session, we ran a magnet along the length of the ball so that we knew the exact start and finish times. After each session, the sensing board was removed from the silicone enclosure and the data was uploaded and removed. Ball rolled by stranger. For the first condition, a researcher unfamiliar to the dogs stood at the end of the "runway" and rolled the ball towards the other end, holding the dog back for one second.
Ball released by machine / ramp. For the second condition, the dog started each trial next to a ramp, which was a tube with a curved end constructed of PVC pipe (shown on the left of the leftmost photo in Fig. 7) .
Researchers put the ball into the ramp and released it, simultaneously releasing the dog.
Silicone Tug Sensor
Experiment. Again, the experiment was conducted in a closed room, with the shades drawn, to prevent distraction from trainers and other dogs. As shown in Fig. 8 , the researcher presented the silicone tug sensor to the dog at hip height with the verbal cue "Get it." After any interaction with the sensor for more than 10 seconds occurred, the dog was rewarded with a "Good [boy/girl]" and a "release" command. Each dog was asked to interact with the toy 10 times. However, if the dog lost interest in the task completely (refused to "get it"), then the study was concluded early. After each dog's session, the data was removed from the SD card and stored appropriately. 
PREDICTION FRAMEWORK
Feature Construction
We constructed 22 features from the raw data of each of the ball conditions and 10 features from each of the silicone tug sensor conditions. We constructed these features from observations from previous generic canine interactions.
Silicone Ball Sensor.
We calculate a core set of features and then determine the average, maximum, and total numbers during a trial. Using those numbers, we also calculate the trend of these numbers across a session, calculating the difference between the first and last trials in each session.
Our core features include: 1. Interaction Time: the amount of time required for a single trial, from the time the ball rolled out of the ramp or hand until the dog retrieved the ball to the handler 2. Number of Bites: the number of times the pressure crosses a threshold during each trial in a dog's session.
3. Bite Strength: the peak pressure throughout the duration of a bite 4. Bite Duration: the duration of a bite 5. Bite Frequency: number of bites in a trial, divided by the length in seconds of that trial 6. Bite RMS: the root mean square of all pressure samples throughout the duration of a bite 7. The Number of Active Trials: the number of trials within a session in which more than zero bites were recorded 8. The Number of Inactive Trials: the number of trials within a session in which zero bites were recorded 5.1.2 Silicone Tug Sensor. We calculate a core set of features and then determine the average and maximum of these features.
Our core features are:
1. Covered/Uncovered: did the sensor have the cover on it 2. Number of Bites: the number of times the pressure crosses a threshold during each trial in a dog's session 3. Bite Strength: the peak pressure throughout the duration of a bite 4. Bite Duration: the duration of a bite 5. Number of Tugs: the number of times the resistance crosses a threshold during each trial in a dog's session 6. Tug Strength: the peak stretch resistance throughout the duration of a tug 7. Tug Duration: the duration of a tug
Classification Model Goals
Given the goal of optimizing overall costs of dog training by making a decision on which dogs continue to advanced training after puppy raising, we attempt to choose thresholds for our classifiers to maximize the value of the equation:
Value = TP * $19,000 -FP * $17,000 -FN * $2,000, where TP are true positives -dogs that the classifier correctly predicts will be successful in advanced training. These numbers are based on CCI's Annual Report [27] and do not include the personal costs to the volunteer puppy raisers. The estimated cost of the training of these dogs is $2,000 through puppy raising and an additional $17,000 through advanced training and placement. Thus, we place the value of a successful dog at $19,000. FPs are false positives -dogs that the classifier predicted would be successful in advanced training that were not. Each false positive wastes $17,000 (assuming that an early failure of a dog still wastes advanced training resources that could have been applied to a successful dog). FN are false negatives -dogs that the classifier predicted would fail advanced training even though they would have been successful. False negatives waste $2,000 from puppy raising. True negatives are dogs which the classifier correctly predicts will not pass advanced training. As the classifier is applied before advanced training and not before puppy raising, there is no cost savings possible for true negatives. This analysis assumes that there is a constant supply of dogs coming through the puppy raiser process, that advanced training is a limited resource, and that the cost of testing and the cost of placing unsuccessful dogs in homes are minimal.
To give an example, this study follows 40 dogs. All were passed into advanced training, and 10 were released at various points during their advanced training (failed), while the remaining 30 were given a working dog role and placed with someone in need. This result is equivalent to a classifier where there were 30 true positives, 10 false positives, and zero false negatives. Thus, the return value of the current process (in this case, training all dogs that pass the inclusion criteria for the fMRI study) is $400,000.
Value CCI_Current = 30 * $19,000 -10 * $17,000 -0 * $2,000 = $400,000, A perfect classifier would raise the return to $570,000, saving $170,000 in un-utilized advanced training. For optimal results, we seek a method of testing the dogs such that the maximum number of true positives are returned while simultaneously false positives are penalized at a factor of 8.5 to 1 over false negatives (FP = $17,000 : FN = $2,000). For any method below to be an improvement over current practice for the cohort under study, it must have classified at least 23 of the 30 successful dogs correctly with no false positives (23 * $19,000 -0 * $17,000 -10 * $2,000 = $417,000). Any increase in false positives would require more true positives to offset the increased deficit. Thus, we only need examine the true positive vs. false positive (ROC or receiver operating characteristic) curves for regions above ~77% (23/30) true positives.
Classification Model
We frame prediction as a binary classification problem, where we discriminate between passing and failing advanced training. For the purposes of classification, we represent each dog as a vector of features, where the vector consists of the dog's gender, 22 features from the ball-human trials, 22 features from the ball-ramp trials, 10 features from the covered tug trials, and 10 features from the uncovered tug trials.
We compared several different parametric and non-parametric classifiers to empirically determine the most suitable classification technique, including random forests, decision trees, Naïve Bayes, and Logistic Model Tree (LMT). We use independent training and test sets for 10-fold cross-validation. Specifically, we randomly select four dogs for testing and train on the remaining 36. There is no testing on training during cross validation. We use six different performance metrics: accuracy, precision and recall, F 1 score, Matthews correlation coefficient, and the area under the curve (AUC). While Random Forest appeared to perform just as well as LMT, it's error rate consisted predominantly of false positives, with 8 false positives and 1 false negative. As the goal of our classification model was to prevent false positives, we found that the best performing classifier was LMT. LMT is a classification model that combines logistic regression and decision tree learning. LMT uses a Classification and Regression Tree (CART) cost complexity pruning method. To reduce our feature set, we ran feature selection across an aggregated dataset to determine the most valuable features. Again, we leverage independent training and testing sets for each fold during cross-validation. From the 65 initial features, we selected the five most discriminative features: maximum number of bites in the ballhuman condition, the average and maximum number of bites in the ball-ramp condition, the average duration of bites in the ball-ramp condition, and the average tug duration for the uncovered tug toy condition. 
Outcomes and Explanatory Variables
Using feature selection, we found that the most contributory variables were the maximum number of bites in the ball-human condition, the average and maximum number of bites in the ball-ramp condition, the average duration of bites in the ball-ramp condition, and the average tug duration for the uncovered tug toy condition. We use these five features for prediction.
RESULTS OF PREDICTION
The goal of this particular model is to optimize for the value equation defined above. However, we are also concerned about efficiency of testing and whether our learned model will generalize well versus overfitting. Extracting the five most valuable features using feature selection is a first step to both of these goals. Less features mean less chance of overfitting and may show that some of our testing is superfluous. We average across 20 runs of randomized 10-fold cross-validation, leaving 4 dogs out, using LMT and achieve 87.5% accuracy. More metrics averaged over the 20 runs are presented in Table 3 . Additionally, since our goal is to optimize for the Value equation, we provide the confusion matrix for our classifier in Table 4 . Further evidence of good performance of this classifier can be found by looking at the ROC curve, achieving an AUC score of .88, as shown in purple in Fig.9 . These curves plot the relationship of the true positive rate (dogs who we predict will be placed who actually get placed) against the false positive rate (dogs we predict will get placed who actually do not get placed) for different thresholds. 
Individual Feature Performance
Above we use five features derived from the four different ball or tug sensor tests to achieve the best accuracy. Might we achieve similar results with less features and be able to avoid running all four types of tests? Using the individual features, we average across 20 runs of randomized 10-fold cross-validation using LMT and show their individual performance. Again, we use six different performance metrics: accuracy, precision and recall, F 1 score, Matthews correlation coefficient, and the area under the curve (AUC). These results are presented in Table 5 . The maximum number of bites in the ball ramp condition achieves 82.5% accuracy, while the average performance of the other features individually provide less accuracy. Figure 9 shows the false positive versus true positive rates when the top N features are used for creating the classifier.
Model Reliability Pilot Study
To demonstrate the potential reliability and stability of our model, we collected 10 separate sets of data over time for each of the four toy conditions using a single dog known to be suitable as a service dog. The data was collected over a one-and-a-half-year period (see Table 6 ). While we do not use the Covered Tug data in our analysis, since it is not used in any of our five features, we still collected the data. All 40 dogs' data was used in the creation of the classifier for this test. However, this dog's data was not used at any point in the experimental training or tuning of the LMT classifier described above. The model predicts the dog would pass 100% of the time. We provide the model's confidence level in its prediction as well for each of the 10 sets of data. On average, the algorithm is over 80% confident in its prediction. Table 6 : Dates on which we collected data from the dog used in our reliability pilot study. In 10 separate tests, the classifier predicts the success of a hitherto unseen service dog correctly. 
Analysis
Each of the 40 dogs performed the tests on all four toy conditions in a single day. While we randomized the order in which the dogs underwent each toy condition, it is possible that fatigue could have affected the dogs' stamina throughout the day. Looking at the five most valuable features that were derived from the feature selection analysis and the fact that they pull features from three out of the four experimental conditions imply consistency. Perhaps there is a relationship between a dog's stamina and their success as a working dog. Furthermore, looking at the results in Table 5 , we see that discriminating based on the maximum number of bites feature when we remove the handler from the equation (ball-ramp as opposed to ball-human) achieves 82.5% accuracy, while the other features appear to boost our accuracy and precision. If there is a relationship between a dog's stamina and their success, is it possible to simplify testing by using only multiple trials of the ball-ramp experiment and achieve the same or better accuracy? Further research will answer these questions.
A classifier that simply predicted that all dogs would be placed would result in 75% accuracy (misclassifying the 10 of 40 dogs that were not placed). Thus, an 87.5% accuracy would not seem to be too impressive. However, the costs of a false positive (classifying that a dog will succeed when it does not) far outweighs the costs of a false negative. The value in our classifier lies in its ability to predict which dogs will not be placed, as shown below. Using the equation in Section 5.3 discussing the optimization of our classifier, we can determine the cost benefits of using instrumented dog toys for predicting the suitability of CCI working dogs. Given that we correctly predict 28 out of the 30 dogs who were placed, have 3 false positives, and have 2 false negatives, the ending value of our 40-dog cohort would have been:
Value Toys = 0.933 * 30 * $19,000 -0.300 * 10 * $17,000 -0.067 * 30 * $2,000 = $476,790, which provides significant utility over current practice ($476,790-$400,000 = $76,790).
In 2015, CCI placed 309 service dogs. At a 40% pass rate, that means that approximately 463 dogs went through portions of advanced training and were not placed, with 772 total dogs undergoing advanced training. At that current rate, it means that CCI is spending up to $7,871,000 (463 dogs x $17,000) a year on dogs that will not be placed. If the classifier described above was used on CCI's 2015 cohort to predict which dogs should not continue to advanced training, how much money would CCI have saved?
Calculating the value of the CCI 2015 cohort assuming all 772 dogs were given full advanced training and only 309 dogs were successfully placed yields.
Value CCI_CURRENT = 309 * $19,000 -463 * $17,000 -0 * $2,000 = -$2,000,000, which reflects the significant investment CCI makes with each cohort. If CCI were a for-profit company, the proposed value of each successful dog would have to be padded by almost $6500 ($2,000,000 loss split over 309 successful dogs) to absorb the loss. However, the classifier, if it generalizes, might correctly predict a large majority of the dogs that will not succeed in being placed while suggesting that most of the dogs that will be placed successfully continue in training. Identifying these unsuccessful dogs early would have significantly changed the value of the cohort:
Value Toys = 0.933 * 309 * $19,000 -0.300 * 463 * $17,000 -0.067 * 309 * $2,000 = $3,074,937, Thus, the classifier may have had to potential to increase the value of the 2015 cohort by $5,074,937, mainly by reducing unnecessary advanced training costs! While it is unlikely the classifier will successfully identify 77.8% of the dogs that will not be placed (as suggested by the equation above), even identifying a small percentage of dogs unlikely to be successful would significantly affect the current economics of training service dogs (as long as the classifier does not improperly label too many dogs as failures that would be successful with advanced training). Clearly, this line of research is promising!
Performance of Maximum Number of Bites in the Ball-Ramp Condition.
When selecting features, overfitting is always a risk. However, in the details above, one feature (maximum number of bites in the ballramp condition) provided most of the discrimination power between the classes. We provide the ROC curve and the confusion matrix using just this single feature in orange on Fig. 9 and Table 8 . Even with a one feature classifier, the system would increase the value of the tested CCI cohort $47,000 per year.
Value MaxNumBites_BallRamp = (29 * $19,000) -(6 * $17,000) -(1 * $2000) = $447,000, $447,000 with classifier -$400,000 current practice = $47,000 in savings
The five features selected in the full classifier are surprisingly similar. Perhaps, as stated above, the addition discrimination power comes from repeated testing of a dog throughout the day. If this situation is true, testing could be performed with the ball-ramp condition alone, reducing the cost and complexity and improving the consistency of testing. We also looked to see if there were any meaningful correlations between a dog's breed, their outcome, and our model's performance. As expected, the model fails on similar sets of dogs each time we randomized it. On average, out of the 5 dogs that the model misclassifies, all are lab-golden mixes (LGX), three were released, one was a skilled companion, and one was a service dog. Since 32 dogs are lab-golden mixes, 17 dogs become service dogs, and 6 of the dogs become skilled companions, misclassifications are more likely among these groups. Without a larger sample size, no real conclusions to breed-specific or outcome-specific classification correlations can be drawn.
Instrument Dog Toy Limitations
Our initial experiments at CPT highlighted situations in which the sensors could fail and allowed us to make them more robust. Initial problems included:
7.2.1 Silicone Failure. Initially, dogs could bite hard enough to puncture the silicone and consequently damage the electronics inside. We experimented with different densities and thicknesses of silicone and discovered that a harder silicone prevented the ball from being punctured. We used the same silicone density and hardness for all of the testing in the CCI study. Further investigation would be warranted if testing higher-drive, more powerful breeds such as Malinois or German Shepherd dogs used for police work.
Hardware Failure.
In general, the hardware did not fail unless the ball was punctured. However, we did have a few instances of the battery being unplugged, or the SD card being ejected by bites that perfectly aligned with those junctures. We solved this by wrapping the inner electronics in soft fabric to cushion them and to keep them from moving around inside the inner ball
Inner Ball Rotation.
Some of the harder-biting dogs were able to compress the outer ball enough that the inner ball could rotate inside of it, allowing the opening to be exposed. This problem was exacerbated by the fact that the dog's saliva could lubricate the two pieces of the ball to allow them to slip more easily, so dogs that interacted longer were more likely to rotate the inner ball. This problem could be solved by a fullycontained ball, described in future work below.
Prediction Framework Limitations
Reflecting on our process, there are many possibilities for improvement:
Simple Thresholding Techniques Versus Whole Activity Events.
During beta testing, an initial analysis was conducted to determine the threshold for a "bite" and a "tug," where we attempted to choose an appropriate threshold that captured the majority of the bites. One could imagine using our current database to train a template matcher using dynamic time warping and k-nearest neighbors to better identify bites of different strengths. Going further, we could identify particular patterns of ball interaction, such as double bites, holds, shakes, or times that a dog attempted a bite and missed. We could also look for changes in bite strength, number of bites, or speed of acquiring the ball that might indicate fatigue or waning interest. Adding these features might prove fruitful in improving the accuracy of the system or in identifying differences across breed.
Inherent Bias of Feature Construction.
Our analysis only included the constructed features that we knew we could measure and therefore have an inherent bias due our perceived notion of the relationship between the Smart Toys and our knowledge of the type of training the dogs would undergo. This approach proved to be successful, however, we acknowledge that other features may exist that could improve the accuracy of predicting a working dog's suitability. When investigating the use of Smart Toys for alternative types of working dogs (for example, allergen-detection or a police dog), the specific features we constructed may not be as successful.
Future Work
Fully Enclosed Silicone Ball Sensor.
We completed all testing with the original nested-ball sensor design for continuity. However, we have been designing and experimenting with a fully-enclosed silicone ball that would be superior for "real world" use. This improvement would minimize damage to the internal components and speed testing, because the ball would not need to be disassembled to upload the data and change the battery.
Wireless Data Transmission.
A fully enclosed ball requires wireless data transmission, although it does not need to be real-time as the dog interacts with the sensor. However, it needs to be fast enough to upload the data from the ball quickly after the session is completed, and needs to transmit all of the data reliably. We performed a survey of currently available wireless data transmission protocols and hardware currently available commercially. IRDA (infra-red) was a prime candidate but availability of parts is limited. After analyzing our speed and integrity requirements, we determined that Bluetooth is the best choice. It is ubiquitous, relatively low cost, and meets the speed and reliability requirements. We are currently augmenting our sensor board (with accelerometer, gyro, magnetometer, and barometer) with Bluetooth data transmission.
Inductive Charging.
The other major challenge of a fully enclosed sensor is wireless charging of the battery. We performed further testing on the inductive charging circuit that we designed (charging the battery through silicone), and we are pleased with its capabilities. Our circuit design will eventually allow the ball to be wirelessly charged using a standard off-the-shelf Qi wireless charger. We have been designing ways of minimizing the footprint of the circuit design and incorporating it into the existing circuit board for the ball.
The main issue currently is identifying rechargeable batteries that can withstand the temperatures needed for curing silicone (100 degrees Centigrade). Another approach is to create regions of conductive silicone so that the power receiving antenna is part of the ball shell itself or, alternately, the battery can be charged simply by attaching a charger to the ball's surface. We molded a silicone ball impregnated with graphite to make it conductive, and discovered that the silicone would not cure. Experiments with different kinds of silicone, and conductive materials, will be required to solve this issue. A final alternative is to create an inexpensive, disposable system that requires such low power that it can be used for months before being discarded. Initial analysis shows this approach is viable.
Additional Testing to Boost Accuracy and Increase Generalizability.
To further refine and verify Smart Toys, we intend to continue testing what we have discovered on new cohorts of dogs. As mentioned earlier, the cohort we tested required training to enter an fMRI and to participate in being scanned. Given that the normal graduation rate is 40% and that the graduation rate of this set was 75%, we wonder if the ball could help reject dogs in the average cohort of CCI candidates even more accurately than suggested in the testing above. Investigating dogs in other service programs would allow us to extend the generalizability of this framework to a wider class of working dogs.
Leveraging Activity Recognition to Understand the Quality of each Interaction and How it Changes over
Time. Our goal for this study was to initially examine what it would take to predict the success and failure of service dogs. Opportunities exist to dive deeper and investigate how a canine's interactions vary across different temperaments, For example, do higher drive dogs have different bite patterns than dogs with a lower drive? Prompted by the results of the longitudinal study where our known suitable-for-service dog performed significantly differently on the test the day he was sick, we are also intrigued by possibility of using changes in our features to determine the ongoing health of an individual dog or their ability to perform their duty on a given day.
CONCLUSION
We have found that dog toys instrumented with sensors to quantify a canine's object-play behavior can be used to make predictions about the dog's suitability to be an assistance dog. In the course of this work, we created new tools and evaluation techniques for detecting specific canine behaviors. We also constructed a novel methodology for building and evaluating predictive models that forecast the suitability of puppies successfully completing advanced training. Exploring outputs from the sensors allowed us to identify various features that are more valuable for the prediction of a service dog and we used these features to construct a predictive model with 87.5% accuracy. The potential for instrumented dog toys and our predictive tools could be significant for helping service dog organizations reduce the cost of training puppies, increase the efficiency of their programs, and enabling trainers to spend more time developing puppies with temperaments more suitable for working dog careers.
